In recent years, road markings detection has received great attention and has been widely explored due to the aim of producing a system that is able to detect various shape of road markings on the images that are captured under various imaging conditions. Generally, the road images are captured using a camera, which has been placed inside the vehicle at a fixed position. However, the quality of the resulting images decreases if the camera position has been changed accidentally, due to the movement of the car. Hence, in this paper, a road markings detection system that tackle the problems of detecting road markings on the images captured under various camera positions and illumination conditions is proposed. The system consists of a graph cut segmentation method, which is used to detect the road, an inverse perspective transform method, which is used to convert the image into a bird's-eye view image, an image normalization method, which is CLAHE and a connected component analysis that is used to remove the background. We demonstrate the usefulness of the constructed algorithm by performing experiments on a database that consists of 400 road images.
I. INTRODUCTION
In automobile industry, a significant achievement has been made in the development of the autonomous driving and road intelligence system. However, the research on the road markings detection has not yet fully established and still ongoing due to the some limitations that have not been tackled, such as the problems of detecting the road markings under various illuminations. To date, the studies on the road markings detection includes the detection of lane markings, zebra crossings and arrow marking. The approaches used for detecting the road markings can be classified into four categories, namely, edge-based, regions-based, tracking for continuity and color-based methods [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] .
In [2] , the authors introduced an approach, which was developed based on the edge-based methods. In their work, they proposed a lane edge technique that only performed well on the road images with well-painted lines or lane edges. Besides, the proposed method failed to detect the road under occlusion. In the region based-methods, the road was detected by locating the road boundaries. Besides, the variation of the lane patterns (solid or dash white painted line, etc.) and road models (2D or 3D, straight or curve) were considered as well. In [9] , the authors introduced a method that utilized HSI color model. However, the proposed method failed to detect the road on the images that were captured in the urban area, especially at night and at the places with a limited source of light. Overall, the effectiveness of the existing approaches is limited, and this is due to the variation of illuminations, shapes and occlusions.
In this paper, an approach to detect road markings that tackled the problems of detecting road markings on the images captured under various camera positions and illumination conditions is proposed. The first step in our approach is to segment the road in the images using a Graph Cut Segmentation method [11] . Then, the segmented images are transformed into the birds'-eye view images using an Inverse Perspective Transform method. The transformation is executed on the foreground only. The final stage is to detect the road marking using some threshold values, as discussed in section II. The stages of this project is shown in Fig. 1 . 
II. METHODOLOGY
In this section, we discussed the methods used to detect the road markings. The methods are as follows.
A. Graph Cut Segmentation
The Graph Cut Segmentation method is formulated based on the binary labeling problem, which work by assigning a label 1 and 0 to the pixels that represent the road (foreground) and background, respectively [12] . Let ∈ {0,1} be the label of pixel , be the set of all pixels, and be the set of all neighboring pixel pairs, then, = { | ∈ } is the collection of all label assignments, which defines the segmentation. The basic graph-cut optimizes by minimizing the energy function, using the following equation.
where is data term and ( ) is a function derived from the observed data that measures the cost of assigning the labels , to the adjacent pixels, , and is used to impose spatial smoothness [11] . The example of the segmentation result is shown in Fig. 2 .
. 
B. Inverse Perspective Transform
This method is used to transform the segmented image into the bird's-eye view image, which is an image with a top view. Basically, the method is divided into three stages [13] . The first stage is to represent the image in a shifted coordinate system. The x and y coordinates are shifted using equations (2) and (3).
where ( , ) represent the coordinates of the segmented image. Then, the image is rotated using a simple matrix multiplication operation, as shown in equation (4) . The location of the rotated image is represented as ( , , ), which is the positional coordinates in 3 dimensional plane, and they are calculated from , and , respectively. However, the initial value for is declared as zero [13] [14] .
where is the rotation matrix, as given by equation (5).
Equations (7), (8) are used to project the image on a two dimensional plane and they are as follows.
where ( , ) is the projected coordinate. represents the focal length [13] . The example of the image produced by the inverse perspective transform method is as shown in Fig 3   Fig. 3 . An example of the segmented road image that has been transform to the bird's-eye view image.
C. Image Normalization
The problem of detecting the road images under various illumination conditions is tackled by normalizing the road using Contrast Limited Adaptive Histogram Equalization (CLAHE). CLAHE is an improved algorithm of Adaptive Histogram Equalization (AHE) [15] . AHE gives rise to overamplification of noise, but CLAHE is developed to prevent it. In this method, an image is divided into several small regions called tiles. The division of the tiles is based on the user-defined tile size. Each tiles are histogram equalized. In each contextual, the numbers of pixels are equally divided at each gray level and contrast limiting is applied to the histogram. The histogram bin is clipped at the predefined value known as clip limit before computing the Cumulative Distribution Function (CDF). If any histogram bin is above the clip limit, those pixels are clipped and distributed equally among other histogram bins as shown in Fig. 4 . However, the redistribution will cause the histogram bins exceeding the clip limit again. This results in an effective clip limit that is larger than the predefined clip limit. If the result is undesirable, the redistribution procedure can be repeated recursively until the excess is negligible. After the equalization, the neighbouring tiles are combined together by applying bilinear interpolation. This can eliminate the artifacts in the tile borders. Fig. 5 shows an example of a road image that has been normalized using CLAHE. 
D. Threshold setting method
In this method, the threshold values are used in order to remove the pixels which are classified as the background. The thresholds are identified from the histograms, which are plotted from the normalized images. The experiment was performed on the training dataset that consists of 125 (set 1 =50, set 2 = 50 and set 3 = 25) road images, which were captured under various illuminations. From our observation, we found that the pixels that represents the road markings have the pixel values ranging from 128 to 255. The wide range of values is due to the effect of various illuminations. Then, three threshold values were identified from the range and they were 0.4, 0.55 and 0.8. These values were selected based on the total number of pixels that represent the road marking, as shown in equation (9) 
where is the total number of pixels represent the road markings. The next stage is to convert the filtered images into the binary images. The reason of converting the images is to perform the connected component analysis, which is in order to remove the noises and some part of the background. The example of the detected road markings are shown in Fig. 6 . 
III. EXPERIMENTAL RESULTS AND DISCUSSION
The experiment was conducted in two stages. Initially, the algorithm did not applied Graph Cut Segmentation method. In this stage, the algorithm was tested on four datasets which consists of 400 road images. The images were captured by a camera, which was mounted on the dashboard. The location for the data collection is around Selangor and Kuala Lumpur. The images in the fourth set were downloaded from the internet. The images in the fourth set consist of a complex background and were captured under various illuminations. The results are shown in Table 1 . It is shown that for the images in the first three datasets, the results are promising. However, the true detection rate for the images that were captured with complex background has decreased to 33%. Based on this observation, and in order to tackle the problems due to the complex background, the Graph Cut segmentation method was proposed to be used in the algorithm. The algorithm with the Graph Cut segmentation method has improved the percentage of the true detection. Using the same test set (Set 4), we found that the percentage of true detection has increased from 33% to 80%. Fig. 7 shows some of the examples of the detected road markings. 
IV. CONCLUSION
It is shown that the techniques proposed in this paper are promising as the percentage of the true detection for the road images that are captured under various imaging conditions and with a complex background is 80%, and the percentage of the true detection for the images without the complex background is up to 91%. However, our aim is to achieve the true detection of more than 95%. The search for finding the best method is still in progress.
